This paper examines the effect of overconfidence behaviour on dynamic market volatility in global financial markets. Using daily data from 27 countries spanning over 2000-2012, we find that the overconfidence is more pronounced for the advanced markets relatively to the emerging ones. With the exception of some Asian and Latin American markets overconfidence is present in both up and down markets. Evidence suggests that overconfidence is the main incentive that triggered and prolonged the global financial crisis in the US market and in other continents. Finding shows that overconfidence still exists even during the recession period, but at different levels.
Introduction
The recent 2007-2009 global financial crisis is qualified as the most critical, dramatic crisis over the last decades (Shefrin and Statman, 2011) . In addition, it has left a considerable long-term effect on market volatility and was judged as the greatest recession since the Great Depression of the 1930s (Authers, 2010) . A booming theoretical literature tackled this feature. Indeed, a bulk of modern empirical papers provided plausible explanations of the stylized facts of volatility and the financial crisis. Particularly, the behavioral prediction outlines that the persistence of financial instability in terms of excessive asymmetric volatility finds its roots in the change in our thoughts' schema (Keynes, 1936) .
Overconfidence is regarded as the most prominent bias that relies on the core of volatile beliefs (Akerlof and Shiller, 2009 ). The behavioral literature asserts that it is one of the most robust behavioral findings (Shefrin, 2008) and a persistent dynamic phenomenon (Shiller, 1999) . Overconfidence corresponds to individuals who are too confident and exaggerate in estimating their own competence and underestimate risk (Thaler, 2005) . Such psychological pitfalls trigger an autocorrelation in investor's errors beliefs about stocks' intrinsic values (De Grauwe, 2012) , which accelerates stocks mispricing and fuels market bubble. Shiller (2000) defines overconfidence as trading too much. Furthermore, several authors (e.g., Authers, 2010; De Grauwe, 2012; Abbes, 2012; Akerlof and Shiller, 2009 ) assert that overconfidence is the main incentive of investor's beliefs change and presents the vital ingredient of fueling and riding bubbles. Despite the empirical evidences advanced on the magnitude impact of overconfidence on investor's investment decisions among European and Americans markets, little findings have been documented on emerging ones (Chi, 2013) . Especially, there is a limited exhaustive analysis of dynamic overconfidence effect on financial market evolution around the world during and after the financial crisis that erupted in 2007.
This article contributes to the literature of behavioral finance in several ways. Indeed, at last five aspects are tackled. First, the originality of the paper stems from the investigation of the potential causes of clustered and asymmetric volatility witnessed before, during the global financial crisis, and during the recession period (i.e., postcrisis). Second, the dataset used is considerably large since it encompasses 27 financial markets categorized into four categories, namely: (i) advanced; (ii) Latin Americans; (iii) Asian; (iv) European & Mideast African markets. This large sample allows a deeper evaluation of the magnitude of US Subprime crisis on global financial markets behavior. Third, we scrutinize the role of US market as the main trigger of the global financial crisis. Fourth, we survey the role of overconfidence behavior in prolonging the Subprime crisis and leaving a considerable long-term effect on market conditional volatility. More particularly, we study the effect of overconfidence bias on the deep economic recession. Fifth, the empirical design focuses on the conditional volatility of stock prices based on a univariate EGARCH model by including a supplementary overconfidence component.
The remaining sections are organized as follows. Section 2 expounds the benchmark model of overconfidence measure and its contribution to market conditional volatility. Section 3 presents the data collection and statistical analysis. Section 4 reports the empirical evidence. Section 5 examines the overconfidence variation under different market conditions. Section 6 summarizes.
Overconfidence estimation

Background on the estimated model
Several studies in line with the dynamic model of Gervais and Odean (2001) assert that past realized success (i.e., high returns) stimulates investor's overconfidence especially when such a success is confirming their private information. Thus, an overconfident investor becomes less risk-averse and trades excessively, which brings forth abnormal high trading volumes and impels stock prices to excessively increase. Indeed, Ko and Huang (2007) affirm that the presence of overconfident investors leads often to excessive volatility in stock prices. Deaves et al. (2010) maintain that such a behavior can be elucidated through the positive, significant causality relation according to which positive past returns affect trading volume.
In order to distinguish the excessive trading component dictated by the investor's overconfidence from the other factors affecting volatility, we implement Chuang and Lee's (2006) methodology. We start by decomposing the trading volume into two components. The first is associated with investor's overconfidence (OVER), whilst the second is not associated (NONOVER), as described in the following equations:
(1) (2) where is the detrended market trading volume at time t (empirically estimated by the natural logarithm of number of shares traded in a day to the number of shares outstanding at the end of that day), is market return at time , is a coefficient capturing the relationship between lagged stock return and actual trading volume, is a constant term, p measuresthe number of lags, and is an error term. Daniel, Hirshleifer, and Subrahmanyam (1998) , Odean (1998) , and Chuang and Lee (2006) , among others, assert that the component increases past stock returns and entails a high volume of transaction. However, the authors do not specify the number of lags in the relation between the stock return and the transaction volume. Thus, we resort to Akaike Information Criterion (AIC) and Schwarz Information Criterion (SC) in order to determine the number of lags (p). Formally, these two criteria are defined respectively as AIC = and , where k corresponds to the number of estimated variables, n corresponds to the number of observations, and represents the maximum likelihood function. Specifically, the determined number of lags in our sample is not identical for all countries but ranges from two (p = 2) to five lags (p = 5).
Overconfidence contribution to observed market conditional variance
In order to capture the asymmetric character of abnormal high volatility, we use the univariate EGARCH model, as defined in Nelson (1991) . The EGARCH (1,1) model captures successfully the asymmetric response in the conditional variance (Alexander, 2009; Lamoureux and Lastrapes, 1990; Chuang and Lee, 2006; Alexander, 2009; Abbes, 2012) . It is presented as follows: )
where : the market return at time t.
: the mean of conditional on past information. : the residual of the mean at time t. : the conditional volatility at time t. : the volatility effect on conditional volatility. : the GARCH effect or the persistence in conditional volatility irrespective of any event happening in the market.
K : the asymmetric effect of the model. The Asymmetric Degree (AD) statistic is given by .
: a constant term.
The conditional volatility in the EGARCH model is modeled to capture the asymmetry effect of volatility. This asymmetry is estimated by the volatility parameter K. When is significantly different from zero, then response of volatility is asymmetric. If K< 0, then positive shocks (bad news) have larger reverberation on increased volatility than positive shocks (positive news). Thus negative stock return tends to increase more intensively volatility positive ones.
Estimating the impact of overconfidence bias on conditional volatility consists in regressing the variable on conditional variance. In line with Chuang and Lee (2006) , we include both components from equation (1) into the conditional volatility model based on EGARCH (1,1), which is formally expressed as:
) (4) where : corresponds to the overconfidence effect on conditional volatility. : corresponds to the effect of other factors besides overconfidence on conditional volatility.
Research on volatility excess typically examines the link between trading volume and return volatility of stocks under the prediction that there is a increasing causal (lead-lag) relationship between the transaction volume and stocks return's volatility (Darrat et al., 2007; Kurz, 2009) . The positive and significant sign of the coefficient implies that conditional variance should synchronically increase with the rise of transaction volume dictated by overconfidence behavior of the trader (Shalen, 1993; Kandel and Pearson, 1995; Karpoff, 1987) . We accordingly expect to be positive and significantly different from zero. Gervais and Odean (2001) examine the overconfidence in a multiperiod model and confirm a positive correlation relating past return to transaction volume. They assert that the realized market loss reduces slightly the investor's overconfidence. Further, the authors outline that the overconfidence bias involves a different degree and this bias exhibits dynamic changes over time depending on past success or failure of the investor. If the overconfidence behavior provides a plausible explanation to clustered and asymmetric volatility phenomena, we then expect that .
Data collection and statistical analysis
The dataset employed in this study is based on daily market price indices, daily transaction volumes of market indices from twenty seven countries. The sample covers:
(i) Eleven advanced markets including United States (US), the United Kingdom (UK), New Zealand (NL), Switzerland (SZ), Japan (JP), Hong Kong (HK), Finland (FL), Germany (GR), Canada (CN), France (FR) and Australia (AU). The indices we use are respectively: S&P500 (US), FTSE100 Index (UK), ZSE50F (NL), SMI Index (SZ), NIKKEI 225 Index (JP), HSI (HK), OMX Helsinki 25 (FL), DAX (GR), S&P/TSX 60 (CN), CAC40 (FR), and AS51 Index (AU).
(ii) Four Latin American markets including Argentina (AG), Brazil (BR), Chile (CL), Mexico (MX). The indices we use are respectively: MERVAL Index (AG), IBOV Index (BR), IPSA Index (CL), and MEXBOL Index (MC).
(iii) Seven Asian markets including China (CN), Philippines (FP), India (ID), South Korea (KR) , Malaysia (ML), Thailand (TA) and Taiwan (TW). The indices we use are respectively: SHSZ300 Index (CN), PCOMP (FP), NIFTY Index (ID), KOSPI2 Index (KR), FBMKLCI Index (ML), SET Index (TA), and TWSE index (TW).
(iv) Five emerging markets from Europe and Mideast Africa including Turkey (TR), South Africa (SF), Russia (RS), Kuwait (KW) and Egypt (EG). The indices we use are respectively: Istanbul XU100 Index (TR), FTSE/JSE Index (SF), RTS Index (RS), KWSEIDX Index (KW), and EGX 30 Index (EG).
The dataset starts from January 5, 2000 to December 12, 2012, which constitutes 3344 observations for all countries, except for New Zealand, China, South Africa, Egypt, and Kuwait. Because of limited availability of data, the starting date is respectively as follows: New Zealand (March 7, 2003) ; China (April 12, 2000) ; South Africa (October 7, 2002) ; Egypt (February 3, 2004); and Kuwait (August 25, 2001 ). All the data are extracted from Bloomberg and DataStream International. Table1 and Table 2 report respectively the summary statistics of market index return and trading volume for the countries in our sample. According to Table 1 , the descriptive statistical analysis of daily market return reveals that the average return in panel A is negative for all advanced markets, except for Finland and Australia that exhibit positive and very small values. However, the average trading volume for advanced markets in Table 2 shows a large volume with a positive average. This reveals that investors in developed markets tend to trade excessively and unprofitably. More particularly, the American stock market has the largest trading average (0.005) and the lowest average return (0.0002), which insinuates the presence of overconfidence behavior among American investors. The spread of return is large with a minimum value of (-0.091) and a maximum value (0.106), which indicates the high volatility of U.S stock market. Indeed, we find that emerging markets exhibit higher average values of trading volume and lower average returns compared to those of advanced markets. This suggests that they have unusual volatile trading volume and subsequently a high negative return due to unexpected news. Moreover, by checking the minimum and maximum returns for emerging markets compared to developed ones it is noticeable that return variation is larger. This high variation may be due to the dynamic overconfidence bias. More particularly, the difference between the maximum and minimum values is extremely larger for emerging markets, relatively to the developed ones. Similarly, the trading volume series seems to be more volatile than market return series, i.e., having higher standard deviation values. The normality test (probability of Jarque-Bera test) shows that both series of market return and trading volume are not normally distributed. Indeed, all probabilities reject the null hypothesis of normal distribution (Prob = 0); the skewness is different from zero and the kurtosis coefficient largely exceeds 3 for all countries. This result implies the presence of fat-tail in extreme return distributions and suggests the importance of asymmetric character in stock volatility. The heavy-tailed return distributions seem to be higher for Asian and Europe & Mideast countries more particularly for Japan (kurtosis = 424.196) Table 2 shows that investors are prone to trade more aggressively in bull markets than in bear ones since the trading volume responds more intensively to bad news, which accentuates the asymmetric character of volatility in the American market and conveys it at the global financial market (Chuang and Lee, 2006; Glaser and Weber, 2009 ).
Empirical evidence
The reverberation of subprime crisis on market volatility
The summary statistical analysis of market return and trading volume series provides insights that the behavior of indices in global market exhibits an extreme and abnormal high volatility. To investigate the asymmetric and clustering behavior of volatility, we use the univariate EGARCH (1,1) model. The estimation results are presented in Table 3 . , where K is the asymmetry coefficient, captures the impact of positive shocks and captures the GARCH effect or the persistence in conditional volatility irrespective of any event happening in the market. The terms and measure respectively the sensitivity of conditional variance to negative and positive shocks. The Asymmetric Degree (AD) is give by . The figures in the parentheses are the t-statistics. Note:*, **, *** denote respectively the significance at 1%, 5% and 10% levels.
According to Table 3 , the regression results show that is positive and significant at the 1% significance level for all indices suggesting that the conditional volatility responds to innovation shocks. We note that the coefficient reflecting the GARCH effect is positive and highly significant at the 1% level, which implies that the shocks pushing variance away from its long run average will persist for a long time. Moreover, is on average largely higher than 0.9 for almost all financial markets indicating a long memory effect in conditional variance. Accordingly, the volatility takes a long time to die out following the Subprime crisis in the global financial market.
The term K reflecting the asymmetric effect is highly significant and negative. Accordingly, bad news has a larger impact on volatility than positive ones. The magnitude of the bad news compared to positive ones is estimated by the variable AD = . AD is positive and different from zero for all financial markets. More specifically, the asymmetric effect is persistent for Australia (AD = 16.73), Brazil (AD = 5.56), Taiwan (AD = 2.97), and Egypt (AD=2.08). The large values of AD reveal that negative innovations are more destabilizing to volatility than positive ones for advanced and emerging markets.
Overconfidence effect on market volatility
Once the asymmetric and clustered volatility phenomena are detected in the previous regressions, we move to investigate the overconfidence contribution to the observed stylized fact of volatility in global financial markets. The estimation results of overconfidence influence on global conditional variance are reported in Table 4 . . The ²-statistic with one degree of freedom is used to test for the null hypothesis H0: . The p-value is the probability of Chi-squared terms. The figures in the parentheses are t-statistics. Note:*, **, *** denote respectively the significance at 1%, 5% and 10% levels.
The regression results reported in Table 4 show that all variables remain highly significant. The terms and are larger, positive, and significant compared to those in Table 3 . More particularly, the parameter of asymmetric effect, , is significant and negative which supports the validity of the model. From Table 4 , we could see that the coefficient , corresponding to the overconfidence impact on volatility, is significant for all indices, except for Chile, which suggests the presence of overconfidence behavior among all global financial markets. The coefficient is highly positive for advanced markets, except for Japan. Similarly, it is highly positive for emerging markets, except for Latin markets (Argentina), Asian markets (China, South Korea, Thailand, and Taiwan) and Europe & Mideast Africa markets (Egypt and Turkey) where the overconfidence component is significant but negative suggesting that investors in these countries are under-confident, i.e., pessimistic.
On balance, the dominance of the positive sign of the coefficient in all markets implies that the conditional volatility increases synchronically with the transaction volume related to overconfidence component. Thus, we conclude that the overconfidence bias contributes to increasing clustered and asymmetric volatility across the world. Furthermore, we notice that estimates are greater than those of , which means that the conditional volatility is more explained by overconfidence behavior than by any other factors (biases). We applied Wald Test in order to examine the null hypothesis H 0 :
. The test results show that the Chi-squared ²-test statistics are inferior to 5%. We therefore reject the null hypothesis.
Overconfidence and the global financial Subprime crisis
Since our sample period contains the global financial crisis of 2007-2009, we re-fit Eq. (4) and split the whole sample period into three sub-periods. The first one precedes the subprime crisis. It is labeled the 'tranquil' period. It starts from January 4, 2000 until June 29, 2007. The second one corresponds to the global financial crisis, or 'turmoil' period, that first erupted in the United States on July 2, 2007 (Authers, 2010; Phillips and Yu, 2011) and ended in mid-2009 mid- (NBER report, 2010 and later 2009 for the global financial markets (Authers, 2010; Hulbert, 2010; Abbes, 2012) . The third one follows the 2007 global financial crisis (recovery period) lasts from December 2009 until December 2012. We refer to this sub-period as the 'global recession' period (Gore, 2010; Dhaoui and Quetat, 2012) or as Krugman (2011) labels "Lesser Depression". Krugman (2011) considers the current world economic situation that should be a recovery period is a global recession, which is a prolongation of 2007-2009 financial crisis. We investigate the impact of overconfidence bias on the behavior of return and market conditional variance separately under different market conditions. The regression results before, during and after the Subprime crisis are reported in Tables 5, 6 , and 7, respectively.
Overconfidence behavior under up market
The overconfidence regression results presented in Table 5 are quite similar to the findings in Table 4 . In regards to Table 5 , the overconfidence correlation with conditional variance is positively and highly significant for developed markets except for Japan. More specifically, Hong Kong exhibits the highest degree of overconfidence (i.e., = 106.77). Similarly, the Asian markets show high degrees of overconfidence, e.g., India ( = 26.06) and Philippines ( = 16.73) , with the exception of Japan that exhibits the weakest overconfidence degree ( = -7.74). Such high overconfidence degrees could be interpreted in terms of aggressive trading volumes by Asian investors who are extremely overconfident and trade too much and too speculatively.
The empirical findings are supported by previous studies (e.g., Chuang and Wang, 2005; Yates et al., 1998) . Moreover, the Latin American markets, except for Argentina, exhibit higher level of overconfidence than Europe & Mideast Africa markets. Nonetheless, the finding of under-confidence (negative sign of ) among China, Thailand, Taiwan, Malaysia, Kuwait, does not support the evidence advanced by Yates et al. (1997) , Whitcomb et al. (1995) , Chen et al. (2007) , Abbes (2012) , and Chuang and Susmel (2011) , among others. . The ² test statistic with one degree of freedom is used to examine the null hypothesis H0:
.The p-value is the probability of Chi-squared terms. The figures in the parentheses are t-statistics. Note:*, **, *** denote respectively the significance at 1%, 5% and 10% levels.
In regards to Table 5 , the coefficient of the overconfidence variable ( ) during the tranquil period (bull market or euphoria period) is not only positively significant but also higher than the overconfidence component estimated during the whole period in Table 4 . This evidence supports the theoretical assumption that overconfidence is prone to be more conspicuous in bull markets in which overconfident investors continue to ignore systematically market warning signals and trade excessively. As a consequence, stock prices are over-estimated and stock volatility increases asymmetrically, which fuelled the housing bubble that erupted in July 2007 in the US.
The persistence of conditional volatility during the tranquil period ( in Table 5 ) remains positive and greater than that during the whole period ( in Table 4 ). Likewise, the asymmetric effect detected by the coefficient K is highly significant and negatively greater than that during the whole period. This finding is attributed to the overconfidence effect. Being overconfident about their ability to select winning stocks, the investors overvalue the precision of their information and underestimate the likelihood of extreme events. Accordingly, they trade more excessively on winning stocks during the bull market relatively to the bear one, which impels the stock prices up beyond their intrinsic values and leads to a persistent shift from their Fundamentals values. Such a behavior triggers an abnormal increase in stock volatility (Chuang and Lee, 2006; Ben-David et al., 2010; Shefrin and Statman, 2011) . The variable NONOVER is positively signed, except for Mexico and Brazil.
Overconfidence during the Subprime crisis
A distinctive finding emerging from Table 6 is that the overconfidence component expected to be null or negative is significantly positive and higher for the American market ( = 5.39) during the Subprime crisis relatively to the tranquil period ( = 3.68) . This highlights the presence of illusion of control bias due to overconfidence among American investors. In other terms, they behave as if they possess some control on a complicated situation (i.e., the Subprime crisis) believing that they may influence events and control the situation (Langer, 1975; Shefrin, 2010) . As a consequence, they continue to trade excessively during the crisis period, which results in a continuous, asymmetrical increase of the clustered volatility and prolongs the crisis period.
In regards to Table 6 , it is not surprising to observe a higher estimate of during the crisis period relatively to the tranquil period (Table 5 ) and during the whole period (Table 4 ). This implies that long term volatility is more volatile during the crisis period. The coefficient of in Table 6 for advanced markets (except for Japan and Hong Kong) is positive and significant, but lower than that before the crisis period (Table 5) . This entails that, even when an overconfident investor bears losses during crisis period, their overconfidence level decreases slightly but persists. This result is at odds with the empirical evidence reported by Abbes (2012) .
Furthermore, the overconfidence component for Latin American markets, Asian markets (except Philippines) and for Europe & Mideast Africa markets is significantly negative. Specifically, Hong Kong market has an overconfidence term that shifts from = 58.771 during the bull market to = -23.59 during the crisis. Such a sudden shift is due to the fact that when an overconfident investor is confronted to the reality, they tend to be more frequently surprised and over-react (Moore and Healy, 2008; Shefrin, 2010) . In fact, the over-precision in investors' beliefs caused by overconfidence bias lead them to undervalue the frequency that they can be wrong. They generally end up very surprised by committing mistakes more often than they had believed and turn to be pessimistic (i.e., under-confident). .The p-value is the probability of Chi-squared terms. The figures in parentheses are tstatistics. Note:*, **, *** denote respectively the significance at 1%, 5% and 10% levels.
Overconfidence after the Subprime crisis
The estimation results exposed in Table 7 shows that remains positive and highly significant at 1% level. We also notice that the coefficient of asymmetric effect captured by remains unchanged for the emerging markets, but has slightly decreased for developed ones. For some developed markets (e.g., United Kingdom, Finland, Germany, Canada, and New Zealand), such an effect becomes positive. This fact shows that excessive and asymmetric volatility is present even in the no-news period. Indeed, the clustered, asymmetric market volatility is a persistent phenomenon in habitual periods (add reference here). The increasing positive value of during the global recession period for developed markets (especially for the US), confirms that overconfidence is a persistent psychological pitfall. Previous studies do not confirm this result (e.g., Abbes, 2012). . The ²-test statistic with one degree of freedom is used to examine the null hypothesis H0:
. The p-value is the probability of Chi-square terms. The figures in the parentheses are t-statistics. Note:*, **, *** denote respectively the significance at 1%, 5% and 10% levels.
On another side, the persistence of negative signs of among emerging countries and some developed ones (e.g., Japan and Hong Kong) shows that under-confident investors became very pessimistic and tend to overweight the future volatility and under-estimate the market recovery. The under-confidence degree is prevalent especially among Latin American and Asian markets (except China and India). The behavioral explanation of the change in the overconfidence degree is due to the investors short memory and fear biases. Hence, during government regulation such biases are prone to be wax and wane in strength. It is for this reason that the regulatory authorities may fail and financial recession persists (Hirshleifer, 2008; Shefrin, 2010) . Under this heading, the overconfidence may play a key role in influencing investors' sentiment and delaying the global economic recovery.
It is noticeable that the constant variable and the NONOVER parameter are almost statistically significant and positive for all countries. Their non-nullity and significance suggest that, besides the overconfidence biases, there exist other potential factors (e.g., psychological pitfalls such herding behavior, representativeness, and disposition fact) that can offer additional explanation to the asymmetric and excessive volatility phenomenon during and after the Subprime crisis.
Conclusion
This paper studies investor's overconfidence effect on dynamic market volatility. A sample of 27 countries is divided into four sub-groups: Advanced Latin American, Asian, Europe & Mideast Africa markets. Using a daily dataset from January 5, 2000 to December 12, 2012, we provide robust empirical evidence on the existence of overconfidence with different degrees among global financial markets, except for Chile. This finding shows that the investor reasons only over the short term and the decisions are often dictated by their psychological forces. Thus, a large part of excessive and asymmetric volatility in the global financial markets is explained by the overconfidence bias. The latter is a dynamic factor that engenders an aggressive asymmetric trading volume and increases stock prices fluctuation, especially during the global financial crisis [2007] [2008] [2009] . Further, the empirical design shows that, under different market conditions, overconfidence bias is a driving force of market disturbance.
The contribution of this paper could be seen from various prisms. First, the overconfidence provides a plausible explanation of stocks' clustered, asymmetric volatility and the financial crisis. Second, the shift in overconfidence degree is elucidated before, during and after the financial crisis. Third, the overconfidence contributes to explaining the long memory effect in volatility process. Fourth, the overconfidence plays a key role in the change of investor's sentiment to turn to be too pessimistic (i.e., under-confident), which may let the regulatory reforms poorly performing and prolongs the economic recession.
Future research could build on our findings in several ways. Indeed, a variety of interesting questions remain unanswered whose most important one is related to using intra-daily data. Indeed, high-frequency data could be more useful to confirm our finds in terms of persistency of overconfidence.
